On-line social networks publish information on a high volume of real-world events almost instantly, becoming a primary source for breaking news. Some of these real-world events can end up having a very strong impact on on-line social networks. The effect of such events can be analyzed from several perspectives, one of them being the intensity and characteristics of the collective activity that it produces in the social platform.
Introduction
Social media is now a primary source of breaking news information for millions of users all over the world [13] .
On-line social networks along with mobile internet devices have crowdsourced the task of disseminating real-time information. As a result, both news media and news consumers have become inundated with much more information than they can process. One possible way of handling this data overload, is to find ways to filter and prioritize information that has the potential of creating a strong collective impact. Understanding and quickly identifying the type of reaction that certain exogenous events will produce in on-line social networks, at both global and local scales, can help in the understanding of collective human behavior, as well as improve information delivery, journalistic coverage and crisis management, among other things. We address this challenge by analyzing the properties of real-world news events in on-line social networks, showing that they corroborate patterns previously identified in other case studies of human communications. In addition, we present our main findings of how news events that produce extremely high-activity can be clearly identified in the early stages of their outbreak.
The study of information propagation on the Web has sparked tremendous interest in recent years. Current literature on the subject primarily considers the process through which a meme, usually a piece of media (like a video, an image, or a specific Web article), gains popularity [4, 20, 14, 22, 18, 1, 15, 16] . However, a meme represents a simple information unit and its propagation behavior does not necessarily correspond to that of more complex information such as news events. News events are usually diffused in the network in many different formats, e.g., a particular news story such as an earthquake in Japan can be communicated through images, URLs, tweets, videos, etc. Therefore, current research can benefit from analyzing the effects of more high-level forms of information.
Traditionally, the impact of information in on-line social networks has been measured in relation to the total amount of attention that this subject receives [3, 10, 9, 17, 8] . That is, if a content posted in the network receives votes/comments/shares above a certain threshold it is usually deemed as viral or popular. Nevertheless, this 2/33 notion of popularity or impact will favor only information that produces very large volumes of social media messages. Naturally, global breaking news that has world-wide coverage and that produces a high volume of activity in a short time should be considered as having a strong impact on the network. However, there are other types of events that can produce a similar reaction in smaller on-line communities such as, for example, on users from a particular country (e.g., the withdrawal of the main right wing presidential candidate in Chile due to psychiatric problems, just before elections [24] ). Clearly, events of local scope do not produce as much social media activity as events of global scope, but they can create a strong and immediate reaction from users in local networks [5] . Conversely, there are large events which do not produce an intense reaction, such as The Oscars (Fig. 1b) , which span a long period of time and are discussed by social network users for weeks or even months, but do not spark intense user activity. Therefore, it is reasonable to consider additional dimensions, than just volume, when analyzing the impact of information in on-line communities.
Prior research has shown that certain types of individual activities, such as communications (studied in email exchanges), work patterns and entertainment, follow a behavior of bursts of rapidly occurring actions followed by long periods of inactivity [2] , referred to as temporally inhomogeneous behavior [12] . This type of behavior initially observed in individual activities, has also been observed in relation to other naturally occurring types of collective phenomena in human dynamics similar to processes seen in self-organized criticality [12] . In particular, extremely high-activity bursty behavior seems to also occur in critical situations, observed from the information flow in cell phone networks during emergencies [7] . Although, there is research towards modeling this type of collective behavior [28] in on-line social networks, to the best of our knowledge, it has not yet been analyzed quantitatively.
Our work focuses on high-activity events in social media produced by real-world news, with the following contributions:
1. We introduce a methodology for modeling and classifying events in social media, based on the intensity of the activity that they produce. This methodology is independent of the size and scope of the event, and is an indicator of the impact that the event information had on the social network.
2. We show empirically that real-world news events produce collective patterns of bursty behavior in the social network, in combination with long periods of inactivity. Furthermore, we identify events for which most of their activity is concentrated into very high-activity periods, we call these events high-activity events.
3. We determine the existence of unique characteristics that differentiate how high-activity events propagate 3/33 in the social network. 4 . We show that an important portion of high-activity events can be predicted very early in their lifecycle, indicating that this type of information is spontaneously identified and filtered collectively, early on, by social network users.
Materials and Methods
We define an event as a conglomerate of information that encompasses all of the social media content related to a real-world news occurrence. Using this specification, which considers an event as a complex unit of information, we study the type of collective reaction produced by the event on the social network. In particular, we analyze the intensity or immediacy of the social network's response. By analyzing the levels of intensity in activity induced by different exogenous events to the network, we are implicitly studying the priority that has been collectively assigned to the event by groups of independent individuals [2, 12] .
We characterize an event's discrete activity dynamics by using interarrival times between consecutive social media messages within an event (e.g., d i = t i+1 − t i , where d i denotes the interarrival time between two consecutive social media messages i and i + 1 that arrived in moments t i and t i+1 , respectively).
We introduce a novel vectorial representation based on a vector quantization of the interarrival time distribution, which we call "VQ-event model". This model is designed to filter events based on the distribution of the interarrival times between consecutive messages. This approach is inspired by the codebook-based representation from the field of multimedia content analysis, which has been used in audio processing and computer vision [6, 27] . In our proposed approach, our method learns a set of the most representative interarrival times from a large training corpus of events; each one of the representative interarrival times is known as a codeword and the complete learned set is known as the codebook [27] . Each event is then modeled using a vector quantization (VQ) that converts the interarrival times of an event into a discrete set of values, each value corresponding to the closest codeword in the codebook (details in supplementary material). The resulting VQ-event model is then a vector in which each dimension contains the percentage of interarrival times of the event that were assigned a particular codeword in the codebook.
The VQ-event representation is relative to an event's overall size since the model is normalized with respect to the number of messages in the event. Therefore the only criteria that are considered in the model are the interarrival times of each particular event. This model allows us to group events based on the similarity of the 4/33 distribution of their interarrival times. In those terms, we consider as high-activity events those events for which the distribution of interarrival times is most heavily skewed towards the smallest possible interval, zero. In other words, events for which the overall activity is extremely intense in comparison with other events.
To illustrate events with different levels of intensity in activity we present two examples taken from our analysis of Twitter data. These examples show the interarrival time histograms for the entire lifecycle of the two events. In the first example, the majority of the messages about the death of political leader Nelson Mandela (Fig. 1a) arrive within almost zero seconds of each other. On the contrary, the messages about The Oscars (Fig. 1b) are much more spread out in time.
We note that, by using interarrival times to describe the intensity of the activity of an event, we make our analysis independent of the particular evolution of each event. By doing this, we put no restrictions on how high-activity events unfold in time, for example, they could be: (a) events that start out slowly and suddenly gain momentum, (b) events that go viral soon after they appear on social media and then decay in intensity over a long (or short) period of time, (c) events that from the beginning produce large amounts of interest and sustain that interest throughout their long (or short) lifespan, or (d) events that are a concatenation of any of the above, etc.
We study a dataset of news events gathered from news headlines from a manually curated list of well-known news media accounts (e.g., @CNN, @BreakingNews, @BBCNews, etc.) in the microblogging platform Twitter [26] (a full list of all the news media accounts is provided in the supplementary material). Headlines were collected periodically every hour, over the course of approximately one year. In parallel, all the Twitter messages (called tweets) were extracted for each news event using the public API [25] . This process was performed by automatically extracting descriptive sets of keywords for each event using a variation of frequent itemset extraction [21] over the event's headlines. These sets of keywords were then used to retrieve corresponding user tweets for each event. We validate the events gathered in our data collection process to ensure that each group of social media posts corresponds to a meaningful and cohesive news event. We provide a detailed description of the collection methodology and of the validation of event cohesiveness in the supplementary material. Overall, the resulting dataset contains 43, 256, 261 tweets that account for 5, 234 events (Table 6 ).
In Figure 2 we characterize an example event from our dataset, by showing the set of keywords and a sample of tweets associated to the event. These keywords form a semantically meaningful event; they refer to the incident where soccer player Luis Suarez was charged for biting another player during the FIFA World Cup in 2014. This general collection process results in a set of social media posts associated to an event which can encompass several memes, viral tweets and pieces of information. Therefore, an event is composed of diverse information, addressing more heterogeneous content than prior work [4, 20, 14, 23, 18, 1, 19] which focus on single pieces of information (e.g., a particular meme, a viral tweet etc.).
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The collection of events is converted into their VQ-event model representation. Using this model, we can identify events that have produced similar levels of activity in the social network. In other words, events are considered to have similar activity if the interarrival times between their social media posts are similarly distributed, implying a very much alike collective reaction from users to the events within a group. In order to identify groups of similar events, we cluster the event models. We sort the resulting groups of events from highest to lowest activity, according to the concentration of social media posts in the bins that correspond to short interarrival times. We consider the events that fall in the top cluster to be high-activity events as most of their interarrival times are concentrated in the smallest interval of the VQ-event model. In our dataset, these correspond to roughly 8% of the events. We consider the next clusters in the sorted ranking to form medium-high activity events, and so on. Thus we end with four groups of events: high, medium-high, medium-low and low. Figure 3 shows a heatmap of the interarrival relative frequency for each cluster. This classification of events based on activity intensity is independent of event size. More details of this methodology are provided in the 
Results and Discussion
Our main objective in this work is to analyze the characteristics of high-activity events which differentiate them from other types of events. In particular, we identify how early on in an event's lifecycle can we determine if an event is going produce high activity in the on-line social network. Tables 2 and 3 show examples of events from the high-activity category and low-activity category. We recall that the high-activity events are those which were in the top 8% of the ranking obtained by sorting the event clusters according to concentration of interarrival times of social media posts in the shortest interarrival time of the VQ-event model. Table 2 shows two events of different sizes (large and small) and different scopes (one global and the other of more local scope) categorized as high activity in our dataset. The first event, the death of Nelson Mandela, is one of the largest events in the dataset, with ≈ 134, 000 tweets. The histogram representation of this event, shown in Figure 1a , suggests that more than 80% of the activity of the event was produced in high-activity periods. This is an event of international, political, and social importance, that produced an overwhelming flood of messages on social media. Hence, it makes sense for such an example to be a high-activity event. The second event, on the other hand, about the 2013 Mumbai Gang Rape is of much smaller scale, with a total of ≈ 1, 700
tweets. However, this event caused considerable amount of immediate reaction on social media, with close to 50% of its activity concentrated within high-activity periods. Despite its smaller size, in comparison to the previous event, this event displays a similar reaction to that of other high-activity events, but at a smaller scale.
8/33 Table 3 shows events that have been classified by our methodology in the category of low activity. The first event, about a teen surviving after hiding in the wheel of a airplane, had only a little more than 25% of its messages arriving with high-activity bursts although it had over 18, 000 messages. The second event, about the damages caused by a tornado in Canada, did not garner much immediacy in attention of Twitter users, with only 7% of its messages produced with short interarrival times. Most of the messages of this event were well spaced out in time. Even though we cannot say whether or not this event had significant implications in the real-world, we can say that it did not have considerable impact on the Twitter network. The lack of interest could be due to several factors that are currently beyond the scope of this work, ranging from the lack of Twitter users in the locality of the real-world event, to it not being considered urgent by Twitter users. We intend to research the relation between the real-world impact of an event and the network reaction in future work.
Fig . 4 shows the average histograms for events that belong to the high activity, medium-high activity, medium-low activity and low-activity clusters (displayed from left to right and top to bottom). All histograms show a quick decay in average relative frequency (resembling a distribution from the exponential family). In particular, the high-activity group concentrates most of its activity in the shortest interarrival rate, with lower activity groups mostly concentrating their activity in the second bin with slower decay. Further analysis of the high-activity events shows significant differences to other events, in the following aspects: (i) how the information about these events is propagated, (ii) the characteristics of the conversations that they generate, and (iii) how focused users are on the news topic. In detail, high-activity events have a higher fraction of retweets (or shares) relative to their overall message volume. On average, a tweet from a high-activity event is retweeted 2.36 times more than a tweet from a low activity event. The most retweeted message in high-activity events is retweeted 7 times more than the most retweeted message in a medium or low activity event.
We find that a small set of initial social media posts are propagated quickly and extensively through the network without any rephrasing by the user (just plain forwarding). Intuitively, this seems justified given general topic urgency of high-activity events. Events that are not high-activity did not exhibit these characteristics.
Our research also revealed that high-activity events tend to spark more conversation between users, 33.4% more than other events. This is reflected in the number of replies to social media posts. The number of different users that engage with high-activity events is 32.7% higher than in events that are not high-activity. Posts about high-activity events are much more topic focused than in other events. The vocabulary of unique words as well as hashtags used in high-activity events is much more narrow than for other events. Medium and low activity events have over 7 times more unique hashtags than high-activity events. This is intuitive, given that if a news item is sensational, people will seldom deviate from the main conversation topic.
In a real-world scenario, in order to predict if an early breaking news story will have a considerable impact in the social network, we will not have enough data to create its activity-based model, i.e., we will not yet know the distribution of the speed at which the social media posts will arrive for the event. For instance, an event can start slowly and later produce an explosive reaction, or start explosively and decay quickly to an overall slower message arrival rate. Still, reliable early prediction of very high-activity news is important in many aspects, from decisions of mass media information coverage, to natural disaster management, brand and political image monitoring, and so on.
For the task of early prediction of high-activity events we use features that are independent of our activity-based model such as the retweets, the sentiment of the posts about the event, etc. These features are computed on the early 5% of messages about the event. The results are an average from a 5-fold cross validation with randomly selected 60% training, 20% validation and 20% test splits. The high-activity events are identified with a precision of 82% using only the earliest 5% of the data of each event (Table 13 ). Additionally, we were able to identify with high accuracy a considerable percentage of all high-activity events (≈ 46%) at an early stage, with very few false positives (Table 13 and 12).
The precision using only the early tweets is almost as good as using all tweets in the event (0.819 to 0.830).
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This suggests that the social network somehow acts as a natural filter in separating out the high-activity events fairly early on. The recall goes from 0.455 to 0.540. This indicates that there are some high-activity events which require more data in order to determine what kind of activity they will produce, or events for which activity occurs due to random conditions. A detailed description of the features and different classification settings are provided in the supplementary material.
Conclusion
We study the characteristics of the activity that real-world news produces in the Twitter social network. In particular, we propose to measure the impact of the real-world news event on the on-line social network by modeling the user activity related to the event using the distribution of their interarrival times between consecutive messages. In our research we observe that the activity triggered by real-world news events follows a similar pattern to that observed in other types of collective reactions to events. This is, by displaying periods of intense activity as well as long periods of inactivity. We further extend this analysis by identifying groups of events that produce much more concentration of high-activity than other events. We show that there are several specific properties that distinguish how high-activity events evolve in Twitter, when comparing them to other events. We design a model for events, based on the codebook approach, that allows us to do unambiguous classification of high-activity events based on the impact displayed by social network. Some notable characteristics of high-activity events are that they are forwarded more often by users, and generate a greater amount of conversation than other events. Social media posts from high-activity news events are much more focused on the news topic. Our experiments show that there are several properties that can suggest early on if an event will have high-activity on the on-line community. We can predict a high number of high-activity events before the network has shown any type of explosive reaction to them. This suggests that users are collectively quick at deciding whether an event should receive priority or not. However, there does exist a fraction of events which will create high activity, despite not presenting patterns of other high activity events during their early stages. These events are likely to be affected by other factors, such as random conditions found in the social network at the moment and require further investigation.
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Collecting the Tweets
The data collection process entails detecting pairs of keywords from the most recent hourly batch of news headlines (the pairs of keywords are meant to describe the events succinctly), and then searching for tweets using the pairs of keywords as queries. We merge the search results of 'similar' queries every 24 hours and form the tweets set for an event. We obtained the hourly batch of headlines from the news media accounts on Twitter listed in Table 7 . Figure 7 represents the high-level flowchart of the data collection process. A summary of this process is described in Algorithm 1. The accounts are verified accounts on Twitter 2 . In Algorithm 1, the goal of the detect keywords() module is to produce pairs of keywords that coherently, and succinctly describes an event. Inspired by the data mining concept of mining frequent itemsets [21], we develop an algorithm which identifies the most commonly occurring keyword groups (or item sets) in the headlines. From the item sets, we pick the most common keyword pairs. The algorithm is described in Algorithm 2. This algorithm finds string intersections between headlines (intersect() in Line 5 returns the number of words present in both s a and s b ). If the common set of words has sufficient Jaccard similarity to any of the existing item sets, then the common set of words are added to that item set. If not, a new item set is created (Line 11). During the process of identifying the most commonly occurring item sets, we also track how many times each keyword has been added to an item set, namely, the score of the keyword. The score of each item set is the average of the scores of its keywords. Once the item sets have been identified, we select the top 2 keywords from each of the top six item sets and use them for searches. We preprocess the headlines to remove duplicates, stopwords, punctuation, convert everything to lower case, and subject the text through the process of stemming.
Twitter Account Name Location
We made the choice of selecting 2 keywords since having a single keyword maybe not define an event accurately. For example, the keyword {obama} could retrieve tweets about any event related to Obama. However, a keyword pair like {obama, syria} describes the event more accurately 3 .
The Twitter Search API imposes several restrictions on the number of searches that can be performed in a given time duration. We produce six search threads to perform searches, one for each keyword pair. All in all, with τ = 60 minutes in Figure 7 , six new pairs of keywords are discovered from the most recent batch of headlines, and then we query for tweets in the Twitter Search API using these keywords over the next one hour.
We make some notes about the data collection methodology. Firstly, there is a temporal sensitivity to the data collection methodology. For example, one of the keyword pairs obtained as soon the Malaysian airlines jet 3 Having more than two keywords may impose too much of a restriction on the query, leading to little or no tweets in the retrieval. for k = 0 to len(keyP airs)−1 do 6:
H j .tweets ←search(H j .keywords) {using Twitter Search API} 8:
end for 10 : 
if |I j ∩ G| ≥ η then 8: I j ← I j ∩ G 
Cleaning the Data
The data was preprocessed to reduce the noisy and irrelevant tweets.
Special Stopwords: Articulation Words
During the data collection process, sometimes unrelated events were joined together with keywords that was common to both events.
Typical stopwords such as "the" and "a" were removed during preprocessing the news headlines. However, there are other words which occur quite commonly in news headlines. For example, words like "watch", "live", or "update" are common to express things like "watch this video", "we are live on TV", or to update a previous headline with more information. Such words could possibly incorrectly connect two or more very different events as one. Example: "Watch Jim Harbaugh's press conference live" 5 and "WATCH LIVE: Of the 48 people being monitored for contact with Dallas patient, no one is showing any symptoms" 6 . We call such words articulation words We now delve into understanding how and when these words occur, and how to subsequently identify and remove them in the preprocessing step, just as we would a stopword.
It is well known that tf-idf [11] is a statistic of a word that indicates how important that word is in a given document. Intuitively, if a word appears in all the documents, then its statistic is generally low in all the documents. However, if the word appears in very few documents, its statistic in those documents is fairly high, indicating that the word is somehow representative of the content of the document. It turns out the articulation words do not occur often enough for them to be detected by regular tf-idf, but do occur enough times for them to falsely relate several unrelated events together. To identify a group of those keywords, we used a modified tf-idf to detect them from the headlines.
The modified version of tf-idf, what we refer as maxtf-idf, is meant to assign more weight to the terms that are frequent in any document. For instance, tf-idf of a term in a document tries to assign a weight related to how "rare" that term is in the whole collection, and how frequent the term is in that document, thus indicating how representative the term is of the document. On the other hand, we want to place a higher weight on a term if its frequency is higher in any other document, relative to the frequency in the current document. With that in mind, we want to identify terms that might be "adding noise" to the corpus and hence merge unrelated events together. The definition of maxtf is as follows:
and for idf, the usual formula:
where t is a term, d is a document, and D is the corpus of all documents. In this case, we set t as a keyword, d
as the set of keywords of one hour of a given day, and D the set of documents of that day.
After identifying such words, the idea is to disconnect the components connected by those words. The process is to disconnect each component by the word with top normalized 1 − maxtf-idf score each time until the component could not be disconnected further. We add the top scoring words to our list of stopwords. These words are hence ignored from the subsequent runs of the data collection methodology. In Figure 8 there are two examples of this process to identify the words.
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Early Dataset Differences
Duration [hours]
Dataset 5% removed Original Figure 9 . Duration differences of events. The x-axis represents the categories of datasets: the first one (t5%-t0) represents the difference of time between the timestamp of the oldest tweet and the newest tweet in the first 5% of the tweets. The next one (t10%-t5%) corresponds to the difference between the newest tweet in the first 10% and the newest tweet in the first 5% of data, etc. After removing the first 5% of data, the time differences are roughly the same across all datasets.
Discarding Irrelevant Tweets
Due to the capabilities of the REST API, the tweets collected can be older than the actual date of the event detected. Hence, some tweets can be very old and not relevant to the event itself. This may lead to inaccuracies in predictions when using the early features.
This problem is illustrated in Figure 9 , Note that the first 5% of the tweets take an unusually large portion of the duration of the entire event. This suggests that we are collecting tweets which existed much before the event broke out, and hence are possibly irrelevant. Once we discard the first 5% of tweets, we observe that each segment of the event (first 5%, the next 5%, etc.) occupies roughly the same duration of the entire event.
Validation of Data Collection
We performed experiments validating that merging keywords by forming connected components indeed produced meaningful groups of keywords representing an event. As a baseline, we used components obtained by merging random keyword pairs together. We evaluated how well a cluster is formed from the set of tweets obtained from connected components, comparing the cluster to the set of tweets obtained from random components. Connected components are expected to merge keyword pairs that belong to the same event, and hence would make better clusters when compared to merging random keyword pairs. The results are displayed in Figure 11 . In this figure, each plot depicts a different metric that evaluates the quality of a cluster. These clustering metrics are summarized Figure 10 . For random components, we merged the keyword pairs randomly. We took precautions to make sure that the size of the connected components and random components per day were comparable. That is, if we had connected components of sizes 6, 6, and 5 formed from keyword pairs on particular day, we made sure that similarly sized random components were also formed from the keyword pairs of the same day. Also, to make sure that tweets from any one keyword pair do not dominate the tweet set, we sampled an equal number of tweets from each keyword pair, and the same sample of tweets is used to calculate the clustering metrics in both the connected components approach and the random components approach. The random baseline has been averaged over 3 different rounds of experimentation. 
Name
Metric Meaning
Higher value is better
Lower value is better
Higher value is better Figure 11 .
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We introduce a novel vectorial representation based on a vector quantization of the interarrival time distribution, which we call "VQ-event model". The most representative interarrival times are learned from a large training corpus. Each of the learned interarrival times is called a codeword, and the entire set of the learned interarrival times, the codebook.
We represent an event e, belonging to a collection of events E, as a tuple (K e , M e ), where K e is a set of keywords and M e is a set of social media messages. Both the keywords and the messages are related to a real-world occurrence. As explained in Section The keywords are extracted in order to succinctly describe the occurrence, and the messages are posts from users about the event.
To learn the most representative interarrival times we perform the following: for each e ∈ E with messages 
Algorithm 3 learn representation()
Input:
Event set E, and number of codewords k in the codebook. Output: A representation in R k of each event e = (K e , M e ) ∈ E. Once the collection of events is converted into their VQ-event model representation, we can identify events that have produced similar levels of activity in the social network. In other words, events are considered to have similar activity if the interarrival times between their social media posts are similarly distributed, implying a very much alike collective reaction from users to the events within a group. In order to identify groups of similar events, we cluster the event models. We sort the resulting groups of events from highest to lowest activity, according to the concentration of social media posts in the bins that correspond to short interarrival times. We consider the events that fall in the top cluster to be high-activity events as most of their interarrival times are concentrated in the smallest interval of the VQ-event model. Thus we end with four groups of events: high, medium-high, medium-low and low. shows a heatmap of the interarrival relative frequency for each cluster.
Through this section, we analyze different features for each of the event categories and compare them both qualitatively and quantitatively. We peformed two-tailed t-tests for a variety of features for events in the high-activity category, and compare it with the average values for the remaining events.
Information Forwarding Characteristics
We found that the high-activity events possess more information forwarding characteristics than other events. We present four features which support this argument. The features, their description and their values are listed in Table 9 .
The retweet count is generally higher for high-activity events. This feature is the fraction of retweets present in the event, log-normalized by the total amount of tweets in the event. A higher value suggests that people have a greater tendency to spread the occurrence of these events, and forward this information to their followers.
The tweets retweeted is lower for high-activity events than for the rest. This feature is the number of tweets which have been retweeted, log-normalized by the total number of tweets in the event. This suggests that the high amount of retweets for the high-activity events actually originates from fewer tweets. This suggests that fewer tweets become popular and are retweeted several times.
The retweets most retweeted is the total number of retweets of the tweet that has been retweeted the most. This number is much higher for high-activity events than for low-activity events, suggesting that the most popular tweet indeed becomes very popular when the event is of high-impact.
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Feature Name 
Conversational Characteristics
We found that high-activity events in general tend to generate more conversation between users than the events in other categories. We observe this behavior through several features. Refer to Table 10 .
The features replies and norm replies both count the number of replies, but have been normalized slightly differently. Both have a higher value for high-activity events suggesting that high-activity events in general tend to spark more conversation between the users. The tweets replied feature counts the number of tweets which have generated replies (it has been log-normalized by the total number of tweets in the event). This is also higher for high-activity indicating that such events on average have more tweets which invoke a reply from people. The uniq users replied feature counts the number of unique users who have participated in an conversation. Again, this number is found to be higher for high-activity events than for others suggesting that more users tend to engage in a conversation about these events. All these features collectively suggest that high-activity events tend to have a conversational characteristic associated with them.
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Topical Focus Characteristics
We find that high-activity events have a lot more focus in terms of the topical content than the remaining events.
This possibly suggests that when a news item is sensational, people seldom deviate from the topic of the news to other things.
We used four features listed in Table 11 to study the topic focus characteristics of high-impact events.
The number of unique words (uniq words) and characters (uniq chars) for high-activity events is lower than the remaining events suggesting that the information content for high-activity events is more focused than for the remaining events (as they do not need a diverse vocabulary). Hashtags on Twitter are a sequence of characters that follow the # symbol. Conventionally, their purpose is to indicate the topic of the tweet. Again, this number (uniq hashtags; log-normalized by the total number of tweets) is lower for the high-activity events than for the remaining events. The number of unique URLs (uniq urls; which can be taken to interpret similar semantics as the hashtags) is also lower for high-activity events than for the rest.
Early prediction of high-activity events
The results from sections 3.1, 3.2 and 3.3 suggest that high-activity events differ considerably from other events in terms of how they are received by the users and in terms of the response they invoke from the network.
In the next phase, our goal is to supervised machine learning only the early tweets of an event to predict whether an event will generate high-activity or not. A list of all the features used for classification is shown in Table 14 . The classification was carried using logistic regression provided by the Weka package. The data was split approximately into 60 − 20 − 20 of training, test and validation sets and the results were averaged over 5
runs of experiments. Table 12 . Confusion matrix while predicting the top 8% of events as high-activity. The predictions were made using the early 5% of the tweets, and by using all the tweets from the event.
Early 5% Tweets All Tweets Table 13 . Classification results of detecting whether an event from the top 8% is high-impact or not while predicting from features extracted from the earliest 5% of the tweets and from all the tweets belonging to the event.
tweets. We the false positive rate using only the early tweets is almost as good as the false positive rate using all the tweets. The same observation holds for the metrics precision and ROC-area as well. However, we observe an 18% increase in the recall (0.455 to 0.540). This suggests that some high-activity events perhaps do not start displaying their unique characteristics well enough in their early stages.
Feature Name Normalized By Normalization Method component size None total seconds total tweets log(x) − log(y) total tweets None total retweets total tweets log(x) − log(y) total tweets retweeted total tweets log(x) − log(y) retweets most retweeted total retweets log(x) − log(y) total mentions total tweets log(x) − log(y) total unique mentions total mentions log(x) − log(y)
total tweets with mention total tweets log(x) − log(y)
total tweets with mostfrequent mention total tweets with mention log(x) − log(y) total hashtags total tweets log(x) − log(y) total unique hashtags total hashtags log(x) − log(y)
total tweets with hashtag total tweets log(x) − log(y)
total tweets with mostfrequent hashtag total tweets with hashtag log(x) − log(y) total urls total tweets log(x) − log(y) total unique urls total urls log(x) − log(y)
total tweets with url total tweets log(x) − log(y)
total tweets with mostfrequent url total tweets with url log(x) − log(y)
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32/33 total verified users total tweets log(x) − log(y) total unique users total tweets log(x) − log(y) total replies total unique users log(x) − log(y)
total tweets first replied total tweets log(x) − log(y)
total unique users replied total unique users log(x) − log(y)
total tweets replied total tweets log(x) − log(y) total words total tweets log(x) − log(y)
total unique words total words log(x) − log(y) total characters total tweets log(x) − log(y)
total rt count total tweets log(x) − log(y)
total fav count total tweets log(x) − log(y)
total positive sentiment total tweets x/y total negative sentiment total tweets x/y Table 14 . List of features used for characterization and classification. The "Normalization Method" column corresponds to the method used to normalize the value of the first column using the value of the second column. For example, the total number of retweets was normalized dividing it by the total number of tweets, and then taking the logarithm. Zero values were replaced by 10 −8 .
